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ABSTRACT

1
With the development of increasingly automated vehicles (AVs) comes the increasingly difficult 2 challenge of comprehensively validating these for acceptable, and ideally beneficial, impacts on 3 the transport system. There is a growing consensus that virtual testing, where simulated AVs are 4 deployed in simulated traffic, will be key for cost-effective testing and optimisation. The least 5 mature model components in such simulations are those generating the behaviour of human agents 6 in or around the AVs. In this paper, human models and virtual testing applications are presented for 7 two example scenarios: (i) a human pedestrian deciding whether to cross a street in front of an 8 approaching automated vehicle, with or without external human-machine interface elements, and
9
(ii) an AV handing over control to a human driver in a critical rear-end situation. These scenarios 10 have received much recent research attention, yet simulation-ready human behaviour models are 11 lacking. They are discussed here in the context of existing models of perceptual decision-making, In recent years, rapid technological progress has been made on automated vehicles (AVs); vehicles 2 capable of taking over increasing shares of the driving task, with large hoped-for benefits in terms 3 of increased mobility, improved traffic safety, reduced environmental footprint, and economic 4 growth (1). As with any technology, it is important to subject AVs to sufficient testing and 5 validation to ensure safe and effective operation. This is a daunting task, however, considering the 6 essentially infinite variations of possible traffic situations that an AV needs to handle (2).
7
It is increasingly assumed that one important approach in the toolkit for AV validation will 8 be virtual testing methods, where a computer simulation of an AV, integrating mathematical 9 models of vehicle and sensors with the actual self-driving algorithms, can encounter a rich variety 10 of simulated traffic situations (3, 4) . These traffic situations can for some purposes be replayed 11 from large static databases of actual real-traffic recordings, but if the objectives of a virtual test 12 depends on some form of interaction between the AV and surrounding road users-e.g., by means 13 of external human-machine interfaces (5)-or interaction between the AV and its onboard 14 operator, the involved human agents also need to be simulated.
15
Human road user models do exist, and are currently being actively developed and applied
16
to AV testing (3, 6), but so far mainly on the relatively coarse-grained level of traffic 17 microsimulation, where the trajectory of each road user (car, truck, pedestrian, etc) is directly 18 generated from equations of motion taking into account positions and velocities of surrounding 19 road users. While this level of granularity might be adequate for some purposes, it seems likely 20 that in many cases, the outcome of interactions between humans and AVs will hinge on finer 21 details and time dynamics of human perception, scene interpretation, and decision-making (7, 8) . 22 Capturing such phenomena accurately in virtual simulation is of course very challenging, 23 but recent literature suggest some possibly fruitful directions: There is by now ample 24 neuroscientific support for the idea that perceptual decision-making in typical laboratory tasks is 25 underpinned by noisy neural evidence accumulation, to a decision threshold at which the overt 26 response is initiated (9). Interestingly, such models have also been proven useful for explaining 27 human driver reaction times in responding to stimuli in traffic; discrete stimuli such as brake lights
28
(10) but importantly also graded, dynamic stimuli like the visual looming of approaching road 29 users or collision threats (11, 12) .
30
Here, this line of modelling will be taken one step further, and applied to the more complex 31 decision-making situations that tend to arise in the AV context, where the emphasis of modelling 32 naturally shifts away from low-level decisions like "more or less braking?" towards a higher-level 33 assessment of the situation at hand; what is often referred to as situational awareness (8, 13) . The 34 basic modelling idea to be explored here is that situational awareness can be modelled as a number 35 of interrelated perceptual decisions about the world, where each decision is modelled as an 36 accumulation process, but where these processes are also interconnected to influence each other in 37 excitatory or inhibitory fashion. This is reminiscent of connectionist and activation dynamics type 38 models of cognition (14, 15) . However, to our knowledge, the present paper is the first time several can be useful in virtual testing of AVs. It is not an aim here to suggest final model formulations, nor 1 to perform full model validation and tuning; these will be matters for future work. having seen the pedestrian, and about its possible intentions to yield.
13
The safety-critical take-over scenario in panel (b) is a close approximation of TTC if assuming constant speeds (19), and is assumed to be compared 8 to a threshold .
(ii) A perceptual decision that the car (driver or AV, but here "car" will be 9 used for short) intends to yield, but not if the actual car movements clearly suggest that it is still 10 unsafe to cross ( ). To make the decision about whether or not the car intends to yield, the 11 pedestrian is assumed to monitor the quantity d d , which is if the car stops at or 12 before the zebra crossing (19), but also explicit communication acts (e.g., headlight flashes).
However, if the pedestrian decides that the car has not seen him/her (e.g., based on driver head 14 orientation), this is taken as evidence that the car is not intending to yield. units, and at any point in time, the state of the model is described by the vector of unit activations,
23
, where each is a two-sided accumulator, bounded at plus and minus 24 one, implying "yes" and "no" decisions, respectively, and zero implying maximum uncertainty.
25
This type of accumulator is often referred to as a "drift-diffusion model for two-choice decisions" Positive/excitatory influence
where is a decay time constant, the  are matrices of connections between decision units, the Manual tuning indicated satisfactory model behavior for s
31
.
33
Model of driver behavior during safety-critical take-over
34
The model for the take-over scenario, illustrated in Figure 3 , is slightly more complex. It accumulators to zero. The exception is the "increase braking" action, which has its accumulator 20 reset to 0.7, to reflect an increased brake readiness after the first brake application (12). Also,
21
before the first brake application, decision unit 2 is inactive. The looming-related inputs to the 
MODEL BEHAVIOR -REPRODUCING FINDINGS FROM LITERATURE
17
Reproducing pedestrian crossing behavior 
MODEL APPLICATIONS IN VIRTUAL TESTING AND TUNING
1
This section will give examples of how the proposed models could be put to applied use in virtual, 2 testing of AVs. It should be emphasized that since the models have yet to be fully validated and 3 parameterized, the actual results given below are preliminary at best; especially for the transition 4 scenario where the model is both more complex and showed signs of possible limitations in its 5 braking behavior. The main aim here is to illustrate the type of results that can be obtained.
7
Optimizing AV traffic flow at a pedestrian crossing 8 If an AV intends to yield to a pedestrian, how should it behave so as to help the pedestrian make 9 the crossing decision as quickly as possible? To answer this question, it was assumed that once the 10 pedestrian starts walking, the AV adapts acceleration to pass behind the pedestrian, and then 
16
As shown in Figure 7 , the model predicts a range of initial TTCs between 1.5 s and 3.5 s
17
(remember that factoring in the take-over process, this might correspond to a considerably higher proposed here. The present work also provides some first steps towards modeling the actual 25 process of taking over from an AV, suggesting that, at least in the presently studied scenario, the 26 take-over could be thought of as an urgency-dependent time delay, combined with a low initial 27 situational awareness.
28
Indeed, a striking feature of both models is that they provide concrete operationalizations Related but different models have been developed from connectionist and dynamical 1 systems perspectives (14, 25) , as well as in the field of naturalistic decision-making (15). One 2 useful next step would be to benchmark the present modeling framework against these existing 3 ones, and ideally also against more conceptually different alternatives based on cognitive 4 architectures such as ACT-R (26), or from robotics (27) .
5
An obvious next step will be to properly test and parameterize the models on detailed data 
